Discrete choice models are widely used for estimating the effects of changes in attributes on a given product's likely market share. These models can be applied directly to situations in which the choice set is constant across the market of interest or in which the choice set varies in a systematic way across the market. An example of the former is a typical consumer product application in which the brands or products of interest are available to all consumers and the model is used to estimate the effects of price or product features on a product's market share. In transportation applications, the choice set commonly varies across individuals in a systematic way, e.g., transit is assumed not to be in the choice set for individuals who make trips that are not served by the transit system. In all of these applications, the models are used to determine the effects of different attribute levels on market shares among the available alternatives, given predetermined choice sets, or of varying the choice set in a straightforward way (e.g., expanding transit service or introducing a single new product).
purchase and which they would not. Again, the survey data can be used in a sample enumeration process to estimate the reach and frequency of a given product portfolio. This paper describes two applications that use discrete choice methods to provide a more robust metric for use in TURF applications. Both involve products for which there is a high degree of heterogeneity in preferences among consumers: apparel and food products. The apparel application uses maximum difference scaling conjoint to provide the TURF metric while the food product application uses conventional discrete choice methods. Both use individual-level posteriors to reflect the sample heterogeneity.
One of the significant challenges in using TURF is that the basic calculations have a computation dimension that is proportional to n choose m where n is the set of all possible products and m is the allowable number in the portfolio. With a multiattributed product, n can be quite large; in the food application it is in the range of 57,000 and any portfolio greater than two items becomes computationally intractable. To support these applications, a heuristic method was developed to efficiently sample from the space to create close-to-optimal portfolios.
These approaches have been implemented as part of the product planning process in the client organizations and, however, there are several areas in which alternative methods might be developed to improve this process. The paper concludes with a summary of the challenges in these applications which to date have not been addressed.
Optimizing Product Portfolios Using Discrete Choice Modeling and TURF

Introduction and Background
Discrete choice models are widely used for estimating the effects of changes in attributes on a given product's likely market share. These models can be applied directly to situations in which the choice set is constant across the market of interest or in which the choice set varies in a systematic way across the market. An example of the former is a typical consumer product application in which the brands or products of interest are available to all consumers and the model is used to estimate the effects of price or product features on a product's market share. In transportation applications, the choice set commonly varies across individuals in a systematic way, e.g., transit is assumed not to be in the choice set for individuals who make trips that are not served by the transit system. In all of these applications, the models are used to determine the effects of different attribute levels on market shares among the available alternatives, given predetermined choice sets, or of varying the choice set in a straightforward way (e.g., expanding transit service or introducing a single new product).
Discrete choice models can also, in theory, be used to identify the "optimal" configuration of a product or service in a given market. This can be computationally challenging when preferences are heterogeneous with respect to the ordering of levels within an attribute as well the strengths of preferences across attributes. However, this type of optimization is a relatively straightforward extension of the typical discrete choice model application. An analogous extension involves optimizing the total market share achieved by a portfolio of products or services when a given supplier has the opportunity to provide multiple items in the portfolio. This type of optimization involves trade-offs between market share and the production costs. In a market with heterogeneous preferences, the market share will be largest for portfolios that have at least one item that appeals to each of the consumers in that market. However, design and production costs increase with the number of items in the product portfolio and, in most retail environments, producers are limited as to the number of items (stock keeping units or "SKUs") that they can display. TURF (Total Unduplicated Reach and Frequency) has been widely used for analogous problems in media placement planning, and, more recently, for consumer product portfolio optimization (see, for example, Cohen, 1993) . In the media placement application, survey data are used to determine consumers' media consumption patterns and those consumption patterns are in turn used in a sample enumeration form to mechanically calculate reach (number of individuals who are exposed to a given set of media) and frequency (the number of such exposures). The typical product portfolio application uses survey data in an analogous way, asking consumers which of several products they would consider for purchase and which they would not. Again, the survey data can be used in a sample enumeration process to estimate the reach and frequency of a given product portfolio.
One of the significant challenges in using TURF is that the basic calculations have a computational dimension that is proportional to n choose m where n is the set of all possible products and m is the allowable number in the portfolio. With a multiattributed product, n can be quite large; in the food products application described below, it is in the range of 57,000 and enumerating options for any portfolio greater than two items becomes computationally intractable.
In a typical market research-type application of TURF, respondent are asked to indicate their purchase intent for each product of interest using a five-point purchase intention scale. The reach for a given assortment of products is then calculated as the share of individuals in the survey sample who indicated a high purchase intent (e.g., top one or two boxes on the five-point scale) for one or more products in that assortment. This is an acceptable approach when the number of basic products is small and in particular when the search does not extend across multiple attributes of each product.
An alternative approach is to use discrete choice modeling to provide a TURF metric that can be synthetically generated for the more general cases than involve either larger numbers of basic products or products that are distinguished along several attributes. In the former case, where the attributes are fixed, maximum difference scaling conjoint ("maxdiff") with its parsimonious survey element provides a useful alternative that is scalable to larger numbers of products (Cohen and Orme, 2004) . Posteriors describing the individual-level utilities for each product can be estimated using these data. For the latter case, choice-based conjoint (stated choice) survey data can be used to estimate individual-level utility functions across all of the tested attributes and levels. These posterior estimates can then be used to calculate the utility for any given combination of attribute levels and this utility in turn can serve as a metric for TURF analyses.
The following sections of this paper describe two applications that use these two types of discrete choice modeling to provide a more robust metric for use in TURF applications. Both involve products for which there is a high degree of heterogeneity in preferences among consumers: apparel and food products. The apparel application uses maximum difference scaling conjoint to provide the TURF metric while the food product application uses conventional discrete choice methods. Both use individual-level posteriors to reflect the sample heterogeneity. To support these applications, a heuristic TURF algorithm was developed to efficiently sample from the space to create close-tooptimal portfolios.
Apparel Application
Study Overview
The objective of the study was to develop 15 different assortments of shirts from larger test sets of shirts (a total of 571 stock-keeping units -"SKU's" -across the 15 categories). The project's client was interested in identifying the optimal assortments of shirts to make available that would maximize the number of consumers who would purchase a shirt from the assortment. The data sample of 4,000 responses was collected using an online survey. Respondents were recruited for the survey from an online survey panel and were compensated for their time. Respondents to the survey were screened to ensure that they purchased the type of clothing under study at the retailers where the project's client would place them.
The Survey
The survey consisted of several sections. The first section asked about current clothing purchases and demographics to ensure that the respondent purchased casual clothes from the retail outlets where the shirts would be placed and was a member of the target demographic market for the shirts. Those passing the screening criteria were then assigned to evaluate either one or two of the 15 shirt categories based on gender and (in the case of women) whether or not they bought clothes for a male significant other.
The next section of the survey featured a style evaluation section. A "style" in this context is a silhouette or cut of shirt. In this survey, each style was available in multiple colors, and each combination of style and color constitutes an item, or SKU. Respondents were asked to indicate which styles of shirt they might buy in the next year and which ones they would not buy. The primary purpose of the style evaluation section is to allow the respondents to familiarize themselves with the clothing line in advance of the discrete choice exercises.
The discrete choice exercises consisted of a set of maxdiff experiments (two sets in cases where the group of respondents were to evaluate two categories of clothing). In the maxdiff experiments, respondents were presented with four shirts and asked to select the one they were most likely to buy and the one they were least likely to buy. An experimental design generated using Sawtooth Software's MaxDiff Designer was used to select the four shirts to show in each experiment. Sawtooth Software's maxdiff technical paper (Sawtooth Software 2007) describes the qualities of the experimental designs generated by the software. Table 1 lists the clothing segments, the number of styles and items in each segment, their sample sizes, and resulting number of choice observations. Following the choice exercises for each shirt category, respondents were asked to rate their most preferred and least preferred item on a five-point purchase intention scale.
The most preferred and least preferred items were selected using a counting analysis of the respondent's choices. A selection for an item as the most preferred in an experiment resulted in a +1 score for that item, while a selection for an item as the least preferred item resulted in a -1 score for that item. Scores were totaled for each item; the item with the highest score is the most preferred and the item with the lowest score is the least preferred. Ties were broken by random selection. This exercise gave purchase intentions for two items that were later used for scaling the estimated item utilities. Finally, survey respondents completed a section comprised of demographic questions.
Utility Estimation
Preference utilities were estimated for each item using a Hierarchical Bayes approach. The Hierarchical Bayes model is based on Bayesian statistical analysis, which differs from convention statistical analysis in that the probability distribution of the parameters is investigated, given the data, instead of investigating the probability distribution of the data, given the assumptions embodied in the model. The Hierarchical Bayes model has two levels: the top level is a model of individual utilities described by a multivariate normal distribution, while the bottom level is a multinomial logit model to derive choice probabilities given an individual's utilities. The Hierarchical Bayes model is described in Sawtooth Software's Hierarchical Bayes Technical Paper (Sawtooth Software 2007)
The maxdiff data were coded for estimation using the approach described in Sawtooth Software's CBC/HB v4 Software Documentation (Sawtooth Software 2007), and Sawtooth Software's CBC/HB v4 software was used to estimate the models. A separate model was estimated for each of the 15 shirt categories.
Scaling to Purchase Intention
The purchase intention ratings for the two items rated immediately after the maxdiff exercises in the survey were used to scale the items utilities to the purchase intention scale of 1 to 5 with 1 being very likely to purchase and 5 being not at all likely to purchase. This enables the results from the different shirt segments to be compared and distinguishes between consumers who are more or less likely to purchase.
To accomplish the scaling, the two rated items were matched up with their estimated item utilities. A linear relationship was assumed between the utilities and the purchase intention values and this linear relationship was applied to all of the item utilities in that shirt category. Figure 1 shows an example of rescaling item utilities to the purchase intention scale. 
Purchase
Intention
A value of 1 on the purchase intention scale corresponds to very likely to purchase. A value of 5 corresponds to not likely to purchase.
Size of TURF Problem
The study's client was interested in assortments of eight shirts from each of the 15 shirt categories. Calculating the reach and frequency for each of the possible eight shirt assortments is tractable for some of the smaller segments (up to 25 items). However, even with modern computational power, calculating the reach and frequency for all assortments for the larger segments (41 or more items) cannot be done exhaustively in a reasonable amount of time. Instead a heuristic approach (described below) was developed and used for the larger segments. Table 2 shows the number of assortments for each shirt segment, ordered by number of assortments. 
Heuristic Approach
Many different computationally-tractable heuristic approaches can be used to identify close-to-optimal TURF assortments. A computationally trivial, and commonly-used, approach begins with the single item that has the highest reach. It keeps that item as fixed and then evaluates all of the remaining items to determine the one that, combined with the first, maximizes the two-item reach. A third item is added to the first two fixed items using the same process and the procedure continues in this way until a full assortment is constructed. This procedure, however, in many applications creates only a single, and often far-from-optimal, solution. One significant problem is that it does not take into account the correlations in preferences that exist among items.
An alternative approach using Monte Carlo sampling from the space of assortments was developed for this application. This new approach uses a scoring metric that considers each item's individual reach and estimates its reach when combined with each of the other available items. The initial matrix calculations required to compute this metric are tractable for problems even much larger than this application. The metric provides a good approximation of each item's contribution to reach in a multi-item assortment and is used as a weight for a Monte Carlo sampling process. Tests were conducted against an unweighted Monte Carlo sampling process and the metric was shown to provide considerable efficiency in identifying optimal assortments.
For the categories in the apparel application where the heuristic approach was required, the TURF software was allowed to run for several hours to evaluate a large number of assortments.
Evaluation of TURF Results
The resulting assortments for all shirt categories were imported into a SQL database for evaluation. The assortments with the highest reaches in each shirt category were reported to the study's client and variations on these assortments were produced and sold in the client's retail channels. The same process has now been applied to several apparel lines over multiple seasons and study team is currently working to collect data that can be used to validate and tune the approach.
Food Product Application Study Overview
The objective of the study was to evaluate the acceptability of a new frozen vegetable side dish product and to identify whether to market two versions of the product that differed by method of cooking preparation. The project's client was interested in identifying the optimal set of side dish products to make available that would maximize the number of consumers who would purchase an item from the set. A sample of 1811 responses was collected using an online survey. Respondents were recruited for the survey from an online survey panel and were compensated for their time. Screening criteria were included in the survey to ensure that respondents were likely to be purchasers of frozen vegetable products.
The Survey
The survey consisted of four sections. The first section introduced the product concepts and asked about the current usage of frozen vegetable side dishes for screening purposes. This section also included detailed information about the two preparation methods.
The next section of the survey featured two sets of discrete choice exercises, one for each method of cooking preparation. Each set contained 10 choice experiments. Respondents were asked to select from 3 unlabeled alternatives. Each alternative was constructed from 4 attributes -vegetable cut, vegetable type, seasoning/sauce and extras (an extra vegetable, fruit or nut). Table 3 contains the number of product elements used for each attribute. Because some product elements were clearly not matched with each other, some elements were only shown in combination with selected other levels. The discrete choice exercises were followed by two product configuration exercises. For each preparation method, respondents were given the opportunity to construct their own ideal product from the list of attributes and elements used in the choice exercises.
Respondents were then asked to rate their ideal product on a purchase intention scale.
Respondents were also asked to rate one product randomly selected from those not chosen in each of the discrete choice exercises. This gave purchase intents for four products that were later used for scaling the estimated utility preferences.
Finally, survey respondents completed a section comprised of demographic questions.
Utility Sums for Each Product
The discrete choice data were initially used to do specification testing using simple multinomial logit models. Interaction effects between different product attributes were tested using the data from the configured items. No significant interactions were found so they were excluded from any further modeling.
Preference utilities were then estimated for each of the product elements for each respondent using Hierarchical Bayes. Models for each preparation method were estimated separately. The resulting preference utilities were then combined to form a total preference utility for every possible product configuration for each respondent. Because of the predefined element pairing exclusions, a total of over 57,000 product utilities were calculated for each respondent. For the 1,800 respondents, this resulted in over 104 million product utilities. Due to the number of levels and the number of respondents, this calculation was done in a SQL database.
Scaling to Purchase Intention
The purchase intention ratings for the four items rated in the product configuration section of the survey were used to scale the preference values to a purchase intention scale of 1 to 5 with 1 being very likely to purchase and 5 being not at all likely to purchase. This enables the two cooking preparation methods to be compared and distinguishes between consumers who are more or less likely to purchase.
To accomplish the scaling, the two items from the configuration exercises for each preparation method were matched up with their total preference utility. A linear relationship was assumed between the utilities and the purchase likelihood values and this linear relationship was applied to all of the total preference utilities. Figure 1 shows an example of rescaling product utilities to the purchase intention scale.
Size of TURF Problem
The study's client was interested in product sets of 2 to 5 items. They were interested in the reach and frequency of sets of items for each preparation method independently, as well as sets of items from both preparation methods combined. Due to the large number of possible product configurations, a simple TURF analysis would be computationally intractable even with these small item set sizes.
To make the TURF analysis tractable, first a subset of the 57,000 products was chosen for each preparation method. The items given the highest scaled purchase likelihood rating for more than 50% of the sample were included for the TURF analysis. For the analysis on the combined preparation methods, the items most frequently occurring in the top 250 TURF solutions by method were included. Table 4 contains the number of items used for the TURF analysis for each preparation method. Calculating the reach and frequency for each of the item sets of size 2 is tractable. However, even with modern computational power, calculating the reach and frequency for products sets of size 3 and larger on any of these product sets cannot be done exhaustively in a reasonable amount of time. Instead a heuristic approach was developed and used for sets of size 3 and larger. Table 5 contains the number of solutions for each size of the optimal product set for the full product set as well as the smaller subsets. 
Heuristic Approach
Due to the number of items being brought into the TURF analysis, the matrix calculations used in the previously-described apparel method were computationally intractable.
Instead a simpler Monte Carlo sampling heuristic was developed:
1) Calculate single item reach (R) for all items; eliminate any items with R = 0 2) Calculate a score for each item; W = R/N where N is the sample size 3) Calculate a sampling proportion for each item:
4) Loop k times where k is the number of elements in your item set 5) Monte Carlo sample without replacement in proportion to P to create the set of items 6) End loop 7) Calculate the reach and frequency for this set of items and store the results
Evaluation of TURF Results
The heuristic was run for 12 hours and the resulting solutions were imported into a SQL database for evaluation. The total number of results generated can be found in Table 6 . Duplicate solutions were removed and the results with the highest percent reach were reported to the study's client. 
Conclusions
The use of discrete choice modeling and TURF analysis together as described in the previous sections has been implemented as part of the product planning process in the client organizations. This work has proved useful in providing guidance for the development of product portfolios; not only in the identification of products that complement each other in the portfolios but also in determining the appropriate number of products in the portfolios.
